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6Abstract
The aim of this dissertation was to determine what the significance of new
information and shocks are on different commodity-based equity markets (de-
veloped versus emerging). That is, if shocks occur, how will the different
markets react; how big will the differences be between these markets; and how
long will it take the different markets to absorb the shocks? Therefore, if a
shock is introduced as new information, how does the market react? The mar-
kets will eventually reach a new equilibrium, but how long will it take to reach
the new equilibrium in the different markets? This was be done by making use
of a vector error correction model (VECM).
The effect of new information on volatility was also tested in a generalized
autoregressive conditional heteroskedasticity (GARCH) framework, by making
use of a similar approach to Chen, Firth and Rui (2001). GARCH models
which include trading volume as an explanatory variable which was regarded
as a proxy for information flow, were used to forecast volatility. This would





According to Mohr (2016), an external shock which affects market prices may
stem from several sources. Demand and supply shocks could affect prices of
commodities which will be reflected in share prices. Currency shocks, owing to
either global developments affecting a major currency (such as the dollar), or
political and economic developments affecting the exchange rate of a country,
or set of countries, could also impact share prices. Even if the value of a
currency does not react to economic policy shifts, data releases or political
developments, these news events may still have an impact on equity market
prices (Koop, 2005).
In this dissertation, commodity-based equity markets will be used. There-
fore, four of the CARBS (Canada, Australia, Russia, Brazil and South Africa)
countries will be used in this dissertation, namely: Canada, Australia, Rus-
sia and South Africa. Brazil is excluded from this dissertation as there is no
trading volume data available for Brazil. The reason for using this group of
countries is because it includes both developed and emerging markets. The
CARBS countries are known as the main exporting countries of commodities.
These four countries are used to determine what effect new information and
shocks will have on the different commodity-based equity markets (emerging
and developed) and whether the impact of new information is significant when
explaining the variation in different market prices. This will be formally tested
in this dissertation by making use of a vector error correction model (VECM).
Research focussing on the efficient market hypothesis (EMH) has been ex-
tensive. According to Bodie, Kane and Marcus (2010), the EMH is based on
the premise that all the information which is available in the equity markets is
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reflected in financial share prices. When new information reaches the market,
share prices appear to adjust rapidly (Reilly and Brown, 2006). Therefore, it
can be said that all information regarding a particular share is reflected by
its current price (Reilly and Brown, 2006). Bailey (2005) stated that a capi-
tal market is efficient if all relevant information determining share prices are
entirely and properly reflected in the market.
Distinguishing between efficient markets brought about from past and cur-
rent information, or market efficiency brought about from past and current
information, information expectation is important. According to Caporin,
Ranaldo and Magistris (2011), if price changes are properly estimated, they
must be unforecastable, which means that if expectations and new informa-
tion are accurately included in price changes, price changes have to be unfore-
castable. Lo and MacKinlay (1988) argued that in an informationally efficient
market, price changes must be unforecastable if they are accurately antici-
pated. This interpretation of Lo and MacKinlay (1988) was also argued in
earlier works by Samuelson (1965). Samuelson (1965) also stated that in order
for asset prices to be efficient, the price has to reflect all available information.
1.2 Problem Statement
According to Kelly (2014), on average 17% of daily return variation is explained
by standard asset pricing models. Despite many studies focusing on testing the
EMH, few studies focus on the difference between the efficiency of developed
and emerging markets. This shortfall indicates the need to address the test-
ing of informational efficiency of developed and emerging markets. Therefore
the focus of this dissertation is the commodity-based equity markets. This al-
lows for an empirical analysis that incorporates both developed and emerging
markets.
1.3 Research Objectives
In this dissertation, the significance of new information and shocks and the
effect it will have on different commodity-based equity markets (developed vs
emerging) will be determined. Therefore, this dissertation will firstly, examine
how these markets react if shocks occur. Secondly, it will determine how big
the differences will be between the emerging and developed markets. Finally,
the time passage involved in absorbing shocks in the different markets will be
considered. Therefore, if a shock is introduced as new information, how does
the market react? The markets will eventually reach a new equilibrium, but
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how long will it take to reach the new equilibrium in the different markets?
The contribution of study is discussed in the next section.
1.4 Contribution of Study
A similar approach to Sreedharan (2004) and Oberholzer and Venter (2015a),
which looked at different market prices (intraday high, intraday low, open and
close) of different equity markets, will be used in a VAR framework to illus-
trate how markets react to shocks in market prices. This will then illustrate
how efficiently the market captures new information. However, the studies by
Oberholzer and Venter (2015a) and Sreedharan (2004) did not include new in-
formation. In this dissertation, a vector autoregressive model (VAR), a VECM
and impulse responses will be used to examine how markets react to shocks
in different market prices, whether the prices move rapidly to equilibrium or
take a longer time to reach a new equilibrium. Furthermore, trading volume
will be included as an exogenous variable. Trading volume is used as a proxy
for new information; this is consistent with the study by Chen, Firth and Rui
(2001).
A similar method to Chen et al. (2001) will also be applied in this disser-
tation to determine the significance of new information when modelling and
forecasting volatility. Chen et al. (2001) used Granger causality tests to study
the causal relationship between market returns and trading volumes. The au-
thors found that there was a positive relationship between trading volumes and
price changes. Chen et al. (2001) also made use of GARCH and EGARCH
models to determine the effect that trading volume will have on volatility. The
EGARCH(1,1) model was used to determine equity market return volatility.
The results showed that the representation of the returns in the data of the
share indices was reflected properly. In addition, trading volume gives some
information about the share indices of the returns processes and that after in-
cluding simultaneous and lagged volume effects (which were used as proxies for
the flow of information), the persistence in volatility was still present. Chen et
al. (2001) found that there is much more to be learnt about the equity market
by exploring the combined dynamics of share prices and trading volume (Chen
et al., 2001).
In this dissertation, the work by Chen et al. (2001) is extended by making
use of GARCH, EGARCH and GJR-GARCH models. These models will be
applied to determine whether the forecasting ability of the model will improve
when trading volume is included. Autoregressive conditional heteroskedas-
ticity (ARCH) and generalized autoregressive conditional heteroskedasticity
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(GARCH) models have been used in financial volatility modelling for decades
to predict and examine the extent of errors in a model (Engle, 2001). The
volatility modelling section in this dissertation is based on similar studies by
Chen et al. (2001), and Kalu and Chinwe (2014). The Akaike information cri-
terion (AIC) and Schwartz information criterion (SIC) of the GARCH, GJR-
GARCH and EGARCH models will be compared to determine the best fitting
univariate GARCH family model in this dissertation. The information crite-
rion will also be used to compare models that include trading volume to the
standard GARCH model specification. Finally, forecast performance metrics
of the different models will be used to determine the most reliable forecasting
model. The limitations of this study are explained in the next section.
1.5 Limitations of the study
An obvious shortcoming of this study is that it focuses on only four countries,
which are used to compare developed and emerging markets. Furthermore, the
study relies on the use of secondary quantitative data. Obtaining secondary
data for volume traded is challenging. Brazil is excluded from this dissertation
as there is no trading volume data available for Brazil. In addition, the equity
indices are assumed to be representative of financial markets, different asset
classes and portfolios are not considered in this dissertation. Finally, a wider
variety of multivariate and volatility models could be considered. The research
design is considered in the next section.
1.6 Research Design
The remainder of this dissertation is divided as follows: Chapter Two focusses
on the recent and relevant literature. In Chapter Three the data used in
the empirical analysis will be specified and the research methodology will be
explained. In Chapter Four, the preliminary data analysis will be discussed,
and the empirical results of the different models used in this dissertation will be
interpreted. Finally, in Chapter Five, concluding remarks about the research
and models used in this dissertation will be discussed and summarised. The
purpose of Chapter Two is to observe and discuss recent and relevant literature.
This chapter is divided into three sections. Firstly, the EMH will be discussed,
as well as the different forms of the EMH. Thereafter, the CARBS countries
will be examined, and the reasons for including these specific countries in this
dissertation will be explained. Finally, recent and relevant research on ARCH
and GARCH models will be discussed.
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The purpose of Chapter Three is to introduce the data that will be used
in this dissertation, as well as the different analyses and methods employed.
The data will be discussed and analysed. In Chapter Four, the preliminary
data analysis for the closing prices of the equity markets of Canada, Australia,
Russia and South Africa will also be analysed. Data analysis for trading volume
as a proxy for new information will also be performed and discussed in Chapter
Four. Finally, the results obtained from the preliminary data analysis for both
the closing prices and trading volume will be explained.
The different models that will be used in this dissertation and the empirical
results will also be interpreted in Chapter Four. Firstly, a VAR model will be
used to examine the interrelationship between market prices. Thereafter, a
VECM will be used to determine the long- and short-run dynamics of the
model. However, before a VECM can be used, the number of cointegrating
equations needs to be determined this will be done by making use of the
Johansen cointegration method. Secondly, volatility models, such as GARCH,
GJR-GARCH and EGARCH will be used to determine the significance of
new information. Finally, Chapter Five will conclude with a summary of the





In this chapter, relevant literature about the efficient market hypothesis (EMH),
the CARBS countries and GARCH models will be discussed. The purpose of
this dissertation is to determine the significance of new information in devel-
oped and emerging markets. For the purpose of this dissertation, the interrela-
tionship of daily market prices is estimated, and volatility models are used to
obtain a forward-looking estimate. There have been many studies that focus
on the testing of the EMH and volatility modelling. However, few studies have
focused on comparing the informational efficiency of developed and emerging
markets.
The relevant literature discussed in this chapter is divided into three sub-
sections. The first focuses on the theoretical background and studies testing
the validity of the EMH. Thereafter, recent and relevant literature on the
CARBS countries is considered. Finally, different studies focusing on ARCH
and GARCH volatility models are discussed.
2.2 Literature on Information Efficiency
2.2.1 Efficient Market Hypothesis
Fama (1965) introduced the terms efficient markets and random walk theory
for the first time in 1965. Since then there have been various similar studies
and academic papers written on the validity of this topic. The theory implies
that excess returns are not obtainable through the use of known information
contained in past price movements (Oberholzer and Venter, 2015a).
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It can be said that the closing price of an equity market contains all avail-
able information (past, present and expected) on a specific day when consid-
ering the EMH (Caporin et al., 2011). This suggests that all available infor-
mation would be reflected in the closing value of the index of selected shares.
This implies that the closing value of an equity index is the best predictor
of the opening value of the index the next morning (Oberholzer and Venter,
2015a).
Research focussing on the EMH is well documented. According to Bodie
et al. (2010), the EMH is based on the premise that all available informa-
tion is contained and reflected by the prices of equity markets and financial
securities. When new information reaches the market, share prices appear to
adjust rapidly (Reilly and Brown, 2006). Therefore, it can be said that all
information regarding the security is reflected in the prevailing price of the
share (Reilly and Brown, 2006). Bailey (2005) stated that a capital market
is efficient if all relevant information determining share prices are entirely and
properly reflected in the market.
Whether capital markets are efficient has been the focus of many studies
in recent years. This study is also based on the efficiency of these markets.
There is a set of assumptions for a capital market to be regarded as being
efficient as discussed by Reilly and Brown (2006). Firstly, market participants
aim to maximise profits by consistently analysing market variables. Secondly,
random shocks are required for an efficient market. Thirdly, shocks are rapidly
absorbed by the market, due to the fact that rational investors react imme-
diately. These assumptions are of vital importance for an efficient market to
exist. Finally, all information that is publicly known should be reflected in
equity market prices.
It is important to distinguish between three forms of the EMH due to the
fact that different information sets could result in contradictory conclusions
about market efficiency (Bailey, 2005). The three types of market efficiency
are essentially the following:
 The weak-form hypothesis implies that all available information, more
specifically, the historical price paths, trading volume or returns, are
already fully reflected in the current share price (Bodie et al., 2010).
 The semi-strong-form hypothesis implies that only publicly available in-
formation, which has to do with the future plans of a firm, must be
captured in the share prices (Bodie et al., 2010).
 The strong-form suggests that all relevant information, including inside
information, should be reflected in share prices (Bodie et al., 2010).
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Testing the strong-form of the EMH has been the focus of many studies in
literature. According to Bodie et al. (2010) the use of simple statistics, such
as a shares price-earnings (P/E) ratio, can be used to predict abnormal returns.
The existence of these statistics and occurrences that can be used to predict
abnormal risk-adjusted returns have given rise to certain anomalies of the
EMH. Bodie et al. (2010) defined anomalies as the movements of returns that
seem to be in contrast with the EMH.
There are a number of anomalies in the EMH based on the work done
by Bailey (2005). The first anomaly is concerned with the so-called calendar
effects, the first of which the January effect, where, during January, investors
tend to invest in the shares of small firms which leads to higher than usual
returns. Furthermore, large losses often occur during September. This implies
that investors should sell late in August and buy early in October. This is
known as the September effect. Another calendar effect is the observation that
during the first half of a month, shares tend to show above-average returns
known as the week-of-the-month effect. Furthermore, rates of return often
decline or tend to be negative on Mondays this is referred to as the Monday
blues effect.
A second anomaly has to do with the weather and its effect on equity
markets. In this regard, evidence suggests that sunny weather can lead to an
increase in share price performance (Bailey, 2005). A third anomaly is to be
found in the so-called small-firm effect. This suggests that small firms often
tend to generate higher returns when benchmarked against bigger firms, using
models such as the capital asset pricing model (CAPM) (Bailey, 2005).
Evidence of the aforementioned anomalies has been found through various
ways of testing the EMH (Reilly and Brown, 2006).
 The weak-form hypothesis consists of two groups of tests. The first
group of tests focusses on the statistical independence between the rates
of returns. The focus of the second set of tests is a comparison of market
risk-return results used to construct rules for buying and selling. The
first statistical test consists of an autocorrelation test, where the positive
or negative correlation and their significance in returns are measured by
independence. The second statistical test is known as the runs test,
where a given set of price changes is examined. Each price fluctuation is
assigned a plus or minus sign. When the price increases, it is assigned a
plus (+) sign and when the price, decreases it gets a negative (-) sign.
Whenever two consecutive fluctuations are the same, it is known as a run
(Bailey, 2006). The run will end as soon as a positive price fluctuation
is followed by a negative price fluctuation and a new run will start.
2.2. LITERATURE ON INFORMATION EFFICIENCY 15
 The semi-strong-form EMH states that all publicly available information
will be reflected in share prices. Using all available, public information,
such as prices and trading volume, rates of return can be predicted by
utilising statistical analysis, which, in turn, makes use of either time
series or cross-sectional data (Bailey, 2005). In this study, a time series
analysis will be used. Event studies can also be used to determine what
effect economic events will have on share prices, as well as determine the
significance of these economic events.
 The strong-form of the EMH is perhaps the most unrealistic proposition.
It suggests that all available information, as well as insider information,
is contained in the current price.
Distinguishing between efficient markets hypotheses brought about from
past and current information, or market efficiency brought about from past
and current information, information expectation is important. According to
Caporin et al. (2011), if price changes are properly estimated, they must be
unforecastable, which means that if expectations and new information are ac-
curately included in price changes, prices have to be unforecastable. Lo and
MacKinlay (1988) argued that price changes must be unforecastable in an
informationally efficient market if they are accurately anticipated. This inter-
pretation of MacKinlay was explored earlier by Samuelson (1965). Samuelson
(1965) also stated that in order for equity markets to be efficient, the price has
to reflect all available information.
Fama (1970) defined a perfect or ideal market as a market where correct
signals for resource distribution are captured in the prices. Therefore, it can
be said that a perfect market is one where share prices fully reflect all pub-
licly available information at any time, and, therefore, companies can make
informed production-investment decisions and investors can decide what se-
curity is best, based on the information. An ideal market is also known as
an efficient market. Fama (1970) categorised asset price changes into three
appropriate classes, such as the weak-form class, semi-strong-form class and
strong-form class. Fama (1970) further discussed that in the weak-form tests,
information is based on past prices. With the semi-strong-form tests, the con-
cern is whether publicly available information will have an impact on share
prices and the results thereof. Lastly, in the strong-form tests, Fama (1970)
was concerned about investors having controlling access to information which
may have an impact on the price formation of securities. The author also ar-
gued that price movements are only due to unpredictable shocks and, therefore,
the EMH only holds if future price movements are unknown and unpredictable.
2.2. LITERATURE ON INFORMATION EFFICIENCY 16
Fama (1995) discussed the theory of random walk models and techniques
for predicting equity market prices. Two approaches to predict equity market
prices which are commonly used by market professionals are mentioned in this
study. The first approach is the chartist or technical theory approach and
the second approach is the theory of fundamental or intrinsic value analysis.
The assumption of all the chartist or technical analysis theories is that history
tends to repeat itself. Hence, past patterns of price behaviour in individual
securities will, according to Fama (1995), tend to repeat in the future. The
author also suggested that in order to predict share prices, one has to develop
an understanding of past patterns of price behaviour. In essence, chartist
techniques attempt to use information from the past behaviour of a share
price in order to forecast its probable future price behaviour.
However, the chartist techniques have been surrounded by a certain theory
and, as a result, investors tend to view the chartist techniques with some
suspicion. Therefore, the typical analyst or investor will usually adhere to a
method called the intrinsic value method, which is also known as fundamental
analysis (Fama, 1995). The fundamental analysis method assumes that the
intrinsic value of a security, also known as the equilibrium price, is determined
by the prospective earnings of the security. The prospective earnings of the
security, in turn, depend on important factors, such as the management quality
of a firm, the point of view for businesses and the point of view for the economy,
to name a few (Fama, 1995).
Fama (1995) defined an effective market as a market where rational and
profit-seeking investors are competing with each other in trying to predict what
the market values for individual securities will be in the future. When looking
at an efficient market, it can be said that a good estimate of a securitys intrinsic
value is the actual price of that security (Fama, 1995). However, the intrinsic
value of a security cannot be determined precisely in an uncertain world, and,
therefore, there will always be some form of disagreement amongst market
participants as to what the intrinsic value really is. These disagreements could
often result in differences between the actual prices and intrinsic values. The
actual price of a security which deviates randomly from its intrinsic value is
initiated by the competition between the market participants in an efficient
market (Fama, 1995).
Fama (1995) concluded by stating that challenges exist when looking at
the chartist and the fundamental analysis approaches. These challenges are
presented by the theory of the random walk in equity market prices. If the
random walk model explains the real world effectively, the work of the chartist
has no actual value in equity market analysis. Fama (1995), however, suggested
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that the challenge for fundamental analysis is more complex. If the security
exchanges are efficient markets and the theory of the random walk is effective,
share prices will be good estimates of intrinsic values (Fama, 1995). Therefore,
the fundamental analysis will only be valuable when there is new information
present.
Risso (2009) distinguished between informational efficiency levels in emerg-
ing versus developed markets. The essence of Rissos (2009) argument is that
when information is rapidly integrated, emerging markets have been said to be
inefficient compared with developed markets. According to the weakest form
of the EMH, current prices already capture all the information provided by
past prices. However, some evidence shows that share prices can sometimes
deviate from the idealised EMH (Risso, 2009). Lo and MacKinlay (1988) also
postulated that a random walk model would not be an accurate model for
determining or predicting asset prices.
Risso (2009) reviewed several reasons for inefficiency in markets and estab-
lished that a market will be inefficient when news is not reflected in the price of
the share or asset. This would allow for the development of patterns and can
have a considerable influence on emerging markets. Therefore, Risso (2009)
tried to establish whether developed markets are more informationally efficient
than emerging markets. The author found that developed countries, such as
Taiwan, Japan and Singapore are the most efficient. Emerging markets, such
as Mexico, are less efficient than the developed markets but are still more effi-
cient than former socialist countries (Risso, 2009). The markets which are the
most inefficient are the former socialist markets, with Slovenia being the most
ineffective of those analysed. The results obtained by Risso (2009) indicated
that developed markets are indeed more efficient than emerging markets.
According to Bodie et al. (2010), new information, by definition, has to be
unpredictable. Bodie et al. (2010) also stated that if new information could be
predicted, the prediction would be part of todays information. Hence, share
prices that change due to new information must move unpredictably as well.
This leads to the argument that share prices must follow a random walk, which
implies that price changes should be random and unpredictable (Bodie et al.,
2010). In the early 1970s, financial economists suggested that share prices
might be accurately estimated by a random walk model. It was also argued
that these changes in asset returns tend to be unpredictable (Pesaran, 2010).
Prior to the random walk theory, prices were perceived to evolve according to
the business cycle and the importance in the variation of asset returns over
the business cycle.
According to Alexander (2008), share prices are Markovian, which implies
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that the previous history of the price is captured by the current price of the
asset. This is justified due to the fact that a large number of financial transac-
tions occur electronically and, therefore, markets are highly efficient and that
investors’ expectations are rapidly absorbed by the market. Alexander (2008)
further explained that share prices are often modelled using the random walk
theory, which satisfies the Markov property. The model is given by:
Xt = Xt−1 + t.
Where xt is the share price at time t, and t is a random shock that occurs
at time t. This suggests that the price at time t is equal to the price in the
previous period, Xt−1 plus some random innovation. This is consistent with
the Markov property.
It is often assumed that the random shock that drives asset prices in the
market is identically and independently distributed (i.i.d.). Alexander (2008)
extended the model described above by including a drift parameter (α), the
model is given by: t ∼ iid(0, σ2). Alexander (2008) extended the specification
of the discrete time model with drift for a random walk process as follows:
Xt = α +Xt−1 + t with t ∼ iid(0, σ2)
It is clear from the above that if α is set equal to 0, a pure random walk model
is obtained.
It is further argued by Alexander (2008), that the random walk also has an
infinite, unconditional mean and variance. Because Xt−1 is familiar and not
random at time t, the conditional mean and variance are finite and represented
below:
Et−1 [Xt] = α +Xt−1 and Vt−1 [Xt] = σ2,
where Et−1 and Vt−1 denote the mean and variance respectively at time t.
According to Reilly and Brown (2006), statistical tests are often employed
to determine whether markets are consistent with the random walk or weak-
form efficiency. Aktan, Sahin and Kucukkaplan (2017) made use of unit root
tests to test the information efficiency of the equity markets of 24 emerging
market countries. The results show that only 7 of the 24 equity markets
considered were not consistent with weak-form efficiency. This study provides
interesting ground for post-crisis information efficiency literature.
In a recent study, Rehman, Chhapra, Kashif, and Rehan (2018) tested
whether Asian equity markets are consistent with the random walk hypothesis.
With regards to methodology, Rehman et al (2018) made use of unit root tests,
a Runs test (also described in Reilly and Brown, 2006) and a newly developed
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state speace model. The results indicate that the equity markets considered
are not consistent with the random walk hypothesis.
This study is based on similar studies done by Oberholzer and Venter
(2015a) and Sreedharan (2004). The study by Oberholzer and Venter (2015a)
considered daily closing, opening, high and low values of the FTSE/JSE All
Share Index. The authors used a Johansen cointegration test, a VECM, as well
as impulse response analysis to observe the interrelationship between closing,
opening, intra-day high and intra-day low values of the FTSE/JSE All Share
Index. These methods give an indication of the short- and long-run dynamics
of the variables and how the variables will react to shocks to another given
variable. The results showed that the response of the closing price to a shock to
any of the other variables they included differ from that of the open, intra-day
high and intra-day low values. The authors concluded that all variables acquire
a new equilibrium, which is different from the original equilibrium before the
introduction of the shock.
The study by Sreedharan (2004) is based on the principle that there is
a possibility that once the static and dynamic relationships are considered,
asset returns may become normally distributed. Hence the aim of Sreedharans
(2004) study was to explain and interpret the static and dynamic relationships
in asset returns. Closing, opening, high and low values of the S&P500 Index
were used in the study. A dynamic model of asset returns was then applied
by making use of a VECM. The understanding was that even though the
opening, high, low and closing prices are non-stationary, there might still be
cointegration present. Sreedharan (2004) further explained that the theory of
finance takes on the behaviour of asset returns, which is the effect of present
and historical information.
Sreedharan (2004) used daily closing, opening, high, and low values of the
S&P 500 Index. The return generating process (RGP) was also considered
in this study. Due to the returns being serially correlated a VAR is used.
The Johansen cointegration test confirmed that three cointegrating equations
exist. Therefore, a VECM was estimated. From the VECM the cointegrated
vectors were estimated, and the logarithmic returns could almost completely
be described by the cointegrating vectors (leading and lagging). According
to Sreedharan (2004), the RGP can be demonstrated as an error correction
method and unusual news appeared to have a small role in the process, while
normal news has a more important role in the process. The model used in this
study is in line with the EMH, and distinguishes between expectations and
information in the RGP.
In this study, trading volume will be used as a proxy for new information
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(Chen et al., 2001) which enters the market. Therefore, the new information
will be a shock in the market. If this shock is introduced, how efficiently will
the market react? The markets will eventually reach a new equilibrium, but
how long will it take to reach the new equilibrium in the different markets?
These effects will be analysed by making use of a VAR as well as a VECM.
2.2.2 CARBS Countries
The CARBS (Canada, Australia, Russia, Brazil and South Africa) countries
are known to be amongst the main exporting countries of commodities. How-
ever, there has not been much financial research published that focusses on
the CARBS countries. Labuschagne, Oberholzer and Venter (2017b) forecast
volatility and value-at-risk (VaR) of the CARBS indices using GARCH mod-
els. The log returns of the CARBS indices are used in this study to estimate
the portfolio weights of a global minimum variance portfolio (GMVP). It was
shown that the statistical characteristics of the indices and the GMVP appear
to be in line with the stylised facts of financial time series. Labuschagne et al.
(2017b) also found that volatility clustering is present and that the data of the
return series is not normally distributed.
In this study, four of the CARBS countries will be used, namely: Canada,
Australia, Russia and South Africa. The reason for using this group of coun-
tries is because it includes both developed and emerging commodity equity
markets. These countries are used to determine the effect that new informa-
tion and shocks will have on the different markets and whether the impact of
new information is significant when explaining the variation in different market
prices. This will be formally tested by making use of a VECM. Furthermore,
the effect of new information on volatility will also be tested using different
univariate generalized autoregressive conditional heteroskedasticity (GARCH)
models. Trading volume will be used as a proxy for new information and will
be the explanatory variable in the GARCH models. This is a based on the
approach by Chen et al. (2001).
2.2.3 ARCH and GARCH Volatility Models
ARCH and GARCH models have been used in financial volatility modelling
for the past few decades to predict and examine the extent of errors in a model
(Engle, 2001). In order to do this, the volatility of the model is modelled as
an autoregressive conditional heteroskedasticity (ARCH) model and a gener-
alized autoregressive conditional heteroskedasticity(GARCH) model, which is
an extension of an ARCH model (Engle, 2001).
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Unit root tests are often used to test for weak-form efficiency (Aktan et al.
2018 and Rehman et al. 2018). Lean and Smyth (2014) argue that conventional
unit root tests are biased in the presence of heteroskedasticity. Therefore, Lean
and Smyth made use of a GARCH unit root test to test whether crude palm oil
spot and futures markets are weak-form efficient. The results indicate evidence
that is against the weak-form EMH. In a similar study, Fauzel (2016) made
use of an autocorrelation test, ordinary least squares and a GARCH model
to test the Mauritian equity market for weak form efficiency. The results sow
that the Mauritian equity market is not weak form efficient.
Labuschagne et al. (2017c) used different univariate and multivariate
GARCH models to determine the optimal parameters of the models when
applied to the CARBS equity indices. The authors argued that it is imprac-
tical to make the assumption that volatility of financial returns is continuous.
The symmetric GARCH model and asymmetric GJR-GARCH and EGARCH
models were used to determine the best fit model by making use of AIC and
BIC. The authors concluded that the volatility of the CARBS indices is best
explained by the EGARCH model.
Oberholzer and Venter (2015b) used univariate GARCH models, such as
the GJR-GARCH and EGARCH models to examine the variations in day-to-
day volatility of five indices on the Johannesburg Stock Exchange (JSE). The
period between 2007 and the onset of the 2009 financial crisis was used and
the market price volatilities were compared for the periods before and after the
crisis in order to determine whether there was any difference in the behaviour
of volatility. The authors found that the best fit model was the GJR-GARCH
model for most of the indices. In a more recent study, Ahmer, Umed and
Ali (2017) compared 5 different univariate GARCH models were compared for
volatility modelling of emerging market equity indices. On the basis of the
AIC and BIC, the threshold GARCH model outperforms the other models
considered.
Oberholzer and Von Boetticher (2015) used the South African Rand and
five major JSE-indices to determine what the inter-market relationship is
between them. The authors used a constant conditional correlation (CCC)
GARCH model to determine whether there are spillover effects present, and
what the significance of shocks will be in the market. Oberholzer and Von
Boetticher (2015) concluded that the Rand fluctuates more if shocks enter the
market when comparing it to the JSE/FTSEs All Share Index, Top40 Index
and the Midcap Index, but fluctuates less if shocks enter the market when
comparing it to the JSE/FTSEs Small Cap Index and the Fledgling Index.
The studies mentioned above made use of univariate and multivariate
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GARCH models to model volatility of financial assets. However, volatility
forecasting was not performed. The best fit model was determined by mak-
ing use of AIC, SIC or BIC. In the next section, literature about ARCH and
GARCH volatility forecasting will be discussed.
Aydemir (2002) began by stating that over the past few years, volatility
modelling has been an active research topic and the significance of volatility in
financial markets is the inspiration. Aydemir (2002) further explained that, for
a simple risk measurement in asset pricing models, volatility approximations
are often used. The development of numerous types of models ensued, with
these models being utilised to reflect the different stylised facts of financial
time series. The most common and well-known models used in financial mod-
elling are the autoregressive moving average (ARMA), ARCH and stochastic
volatility (SV) models (Aydemir, 2002). An important characteristic of ARCH
models is their ability to explain the trend for volatility clustering in financial
data (Aydemir, 2002). In other words, the trend for big movements in prices
must be followed by big random movements, and the same applies for minor
movements (Aydemir, 2002).
Marcucci (2005) made a comparison between different GARCH models and
their capability to forecast financial time series volatility from a daily basis to
a monthly basis. Markov Regime-Switching GARCH (MRS-GARCH) models
were examined in this study as it accounts for the unnecessary persistence
which is frequently found in GARCH models. With the MRS-GARCH models,
the parameters are allowed to change between a low and a high volatility
regime (Marcucci, 2005). The empirical results show that the MRS-GARCH
models outperform the regular GARCH models when forecasting volatility over
short time periods. However, the asymmetric GARCH models are better when
forecasting volatility over long time periods.
Peters (2001) conducted a study on four GARCH models and examined the
forecasting ability of each of them. The GARCH models that were used were
GARCH, EGARCH, GJR-GARCH and APARCH models. Peters (2001) used
two European share indices, the FTSE 100 and DAX 30. It was found that
when asymmetric GARCH models were used and fat-tails were accounted for
in the conditional variance, there was an overall improvement of the estimation
(Peters, 2001). However, it was also found that the forecasting ability of the
GJR and APARCH models were better than the asymmetric GARCH model.
Finally, Peters (2001) concluded that improved forecast performance was not
precisely perceived when non-normal distributions were used.
In a recent study, Kambouroudis and McMillan (2016) tested whether VIX
(volatility index) or trading volume improve GARCH volatility forecasts. This
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was tested using 6 different univariate GARCH models. Kambouroudis and
McMillan (2016) conclude that the VIX and trading volume are important
varaibles to consider when modelling volatility and therefore should be in-
cluded as explanatory variables when modelling volatility. Similarly Hu (2019)
tested the forecasting performance of 6 univariate GARCH models when ap-
plied to developed and emerging markets. THe results show that the GARCH
model which incorporates VIX as an explanatory variable is superior.
In this dissertation GARCH, EGARCH and GJR-GARCH models will be
used to determine whether the forecasting ability of the model will improve
when trading volume, which is a proxy for new information, is taken into
account. In the next section of the literature review, similar studies by Chen
et al. (2001) and Sabiruzzaman, Huq, Beg and Anwar (2009) will be discussed.
Chen et al. (2001) used Granger causality tests to study the causal re-
lationship between equity market returns and trading volumes. The authors
found that there was a positive relationship between trading volume and price
changes. Furthermore, it was also established that returns caused trading vol-
ume and to a smaller degree, trading volume caused returns when the Granger
causality test was performed. Chen et al. (2001) also made use of GARCH
and EGARCH models to determine the effect that trading volume will have on
volatility. Chen et al. (2001) argued that there are benefits to using EGARCH
models over GARCH models; this is mainly due to the non-negativity con-
straints required for the GARCH model. Another reason for the argument is
that the symmetric GARCH model does not capture the negative asymmetry
which is present in financial time series. The EGARCH(1,1) model was used
to determine asset return volatility. The results show that the representation
of the returns in the data of the share indices is reflected properly. In ad-
dition, trading volume gives some information about the share indices of the
returns processes and that after including simultaneous and lagged volume ef-
fects (which were used as proxies for the flow of information), the persistence
in volatility was still present. Chen et al. (2001) concluded by stating that
there is much more to be learnt about the equity market by exploring the
combined dynamics of share prices and trading volume (Chen et al., 2001).
Sabiruzzaman et al. (2009) described volatility as a sign of uncertainty,
which will have an impact on monetary policy, management of risk and in-
vestment decisions. The focus of this study is the volatility of trading volume.
The daily trading volume index of Hong Kong was examined to determine the
flow of volatility. The authors made use of GARCH and GJR-GARCH models
to model the volatility of trading volume and found that the GJR-GARCH
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model is more reliable due to the fact that it takes asymmetries into account.
In a recent study, Kalu and Chinwe (2014) made use of univariate GARCH
models to estimate the relationship between the conditional variance and trad-
ing volume of the Nigerian equity market. The authors also tested whether
the inclusion of trading volume as an independent variable reduces volatility
persistence. The results showed that there is a statistically significant positive
relationship between trading volume and volatility. Furthermore, volatility
persistence does not decrease when trading volume is accounted for.
The volatility modelling section in this dissertation is based on similar stud-
ies by Chen et al. (2001), and Kalu and Chinwe (2014). In order to determine
the best fit univariate GARCH family model, the AIC and SIC of the GARCH,
GJR-GARCH and EGARCH models will be compared. The information cri-
terion will also be used to compare models that include trading volume to the
standard GARCH model specification. Finally, forecast performance metrics
of the different models will be used to determine the most reliable forecasting
model.
2.3 Summary
In this chapter, the recent and relevant literature on information efficiency is
discussed. The literature section is divided into three subsections: theoretical
basis and testing of the EMH, studies focusing on the financial markets of
the CARBS countries and finally, volatility modelling and forecasting is con-
sidered. Regarding the EMH, most studies show that prices are consistent
with the random walk hypothesis, except however when volatility clustering is
taken into account. Limited research has been done focusing on the CARBS
countries, the studies focus mainly on volatility modelling and portfolio theory.
However, trading volume was not considered as a proxy for new information.
Finally, the studies focusing on volatility modelling indicate that trading vol-





In this chapter, the data used is specified and discussed. Furthermore, the
different methods employed in this dissertation are discussed. The primary
method in this dissertation is divided into two parts. The first part focusses
on the interrelationship of market prices and introducing shocks as new infor-
mation. In the second part, the use of volatility models used to capture the
significance of new information is discussed.
Regarding the data processing method. For the interrelationship of market
prices, the study will firstly examine how the different markets react if shocks
occur; secondly, it will be determined how big the difference is between the
emerging and developed markets; and lastly, it will consider how long it would
take the different markets to absorb the shocks. Therefore, if a shock was
introduced as new information, how does the market react? The markets
would eventually reach a new equilibrium, but how long would it take to reach
the new equilibrium in the different markets?
The effect of new information on volatility is also tested in a GARCH
framework. A similar approach to Chen et al. (2001) is used in this dis-
sertation. GARCH models which include trading volume as an explanatory
variable, which is a proxy of information flow, will be used to forecast volatil-
ity. This gave an indication of whether trading volume (flow of information)
is significant when forecasting volatility.
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3.1 Data Specification
In this study daily high, low and closing prices of the TSX Composite Index
(Canada), ASX 200 Index (Australia), Misex Index (Russia) and JSE All Share
Index (South Africa) are used. The data is for a time period of four years from
January 2013 to December 2016. Index data is used, as this will give a better
reflection of the market as a whole (Sreedharan, 2004). The data was acquired
from Thomson Reuters Datastream databank. In this chapter, only the closing
prices and trading volume of the different indices will be analysed.
The CARS (Canada, Australia, Russia, and South Africa) countries are
used in this dissertation as they include both developed and emerging markets,
with Canada and Australia being classified as developed markets and Russia
and South Africa being classified as emerging markets.
3.2 Research Methodology
In this section, the research question, objectives and strategy are discussed.
Furthermore, the sampling strategy and preliminary data analysis are outlined.
Finally, the research methods employed in this dissertation are explained.
3.2.1 Research question
As outlined in the introduction, the aim of this study is to answer the following
research questions: If a shock is introduced as new information, how does the
market react and how long will the markets take to reach the new equilibrium?
In addition, if trading volume (a proxy for new information) is introduced into
a volatility model as an explanatory variable, does it improve the forecasting
ability of the volatility model? This will indicate whether trading volume
changes (flow of information) are significant when forecasting volatility.
3.2.2 Research objectives
The purpose of this study is to determine the effect of new information when
modelling the interrelationship between equity market prices (historical), and
when forecasting the volatility of equity indices. This analysis will determine
whether the inclusion of new information improves the explanatory power of a
model of the interrelationship between market prices and whether forecasting
performance improves when modelling volatility.
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3.2.3 Research strategy
Saunders and Lewis (2012) explained that a research strategy is an overall
design of how the researcher plans to answer the research questions outlined in
the study. In order to answer the research questions outlined in this disserta-
tion, quantitative techniques will be applied to secondary data. The sampling
strategy and preliminary analysis are explained below.
3.2.4 Sampling strategy
Data for the CARS countries equity indices will be used. By making use of
the CARS indices, both developed and emerging markets are included in the
study. Furthermore, data from January 2013 to December 2016 will be used
for the empirical analysis. This is done to exclude the Global Financial Crisis
from the sample period. In addition, data for volume traded on the Russian
Misex Index is unavailable before 2013 and volume traded on the Canadian
TSX Composite Index is unavailable after 2016.
3.2.5 Preliminary data analysis
Asteriou and Hall (2015) explained that a preliminary data analysis is required
to understand the basic statistical properties of the data set considered. In this
study, the statistical properties of the CARS equity indices are compared to
the stylised facts of financial returns as outlined by Cont (2007). In addition,
the statistical properties of trading volume of the different indices included in
this dissertation are also considered. The analysis is performed using Eviews 9
software, and the R Statistical Programming Language. The preliminary data
analysis is performed in Chapter Four.
3.2.6 Research method
In this section, the different methods employed in this dissertation are dis-
cussed. This section is divided into two parts. The first focusses on the inter-
relationship of market prices and introducing shocks as new information. In
the second, the use of volatility models used to capture the significance of new
information is discussed.
The Interrelationship Between Market Prices
By making use of a similar approach to Shreedharan (2004) and Oberholzer
et al. (2015), a VAR model will be used to investigate the interrelationship
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between market prices. According to Koop (2005), a VAR model is an exten-
sion of an autoregressive (AR) model which considers the dependent variable
in the previous period as an explanatory variable in the model. The AR model
can be extended to the case in which more than one variable is considered.
According to Koop (2005), in general when two variables Xt and Yt are
considered, the VAR model is formulated as follows:














Where α1 and α2 are the intercepts, β and γ are the coefficients, p denotes the
optimal lag length and t is the error term.
Asteriou and Hall (2015) explained that when using VAR models, all the
variables included in the model are treated as endogenous. In this study, the
opening (Opent), closing (Closet), intraday high (Hight), and intraday low
(Lowt) values of each equity index considered are treated as endogenous. This
presents the opportunity to introduce a shock (new information) to any of the
variables to give an indication of how the variables react to new information.
According to Danielsson (2011), equity indices usually exhibit a trending
pattern trended or are integrated of order one. This finding is consistent with
the results obtained in the previous section. A variable that is integrated
of order one should be differenced once to make it stationary. Koop (2005)
explained that if variables included in a VAR model are integrated of order
one, a cointegration test should be performed.
Brooks (2014) showed that the Johansen cointegration test is formulated
as follows, if g variables are included in a VAR model (g > 2), the VAR model
is given as follows in vector notation:
yt = δ1yt−1 + δ2yt−2 + ...+ δpyt−p
Where yt is the vector of variables at time t. However, in order to perform a
cointegration test, it is necessary to estimate a VECM, which is given by:
∆yt = Πyt−p + Γ1∆yt−1 + Γ2∆yt−2 + + Γp−1∆yt−(p−1) + ut.
The main focus of the Johansen cointegration test is the rank of the long-run
coefficient matrix Π. Lipschutz and Lipson (2009) explained that the rank of
a matrix is the number of eigenvalues that are different from zero. Finally,
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Brooks (2014) explained that an eigenvalue that is significantly different from
zero is an indication of a significant cointegrating vector.
Volatility Modelling
In this subsection, the volatility models used to test the significance of new
information are briefly discussed. When it comes to the topic of volatility
modelling in finance, most financial researchers agree that the generalized au-
toregressive conditional heteroscedasticity (GARCH) model is the most widely
used and accepted approach.
According to Francq and Zakoian (2012), most GARCH models are formu-
lated as follows:
rt = µ+ t (3.1)
where rt is the logarithmic return, is the conditional expectation of the returns,
and t is the error term (t ∼ N (0, σ2t )). Different GARCH processes are
assumed for σ2t . In this study, the analysis by Chen et al. (2001) is extended
to include three different GARCH models: the symmetric GARCH model, the
Glosten, Jagannathan and Runkle (GJR) GARCH model, and the exponential
GARCH (EGARCH) model.
According to Asteriou et al. (2015), the symmetric GARCH model is spec-
ified as follows:





When using the GJR-GARCH model, an additional term is included to capture
the effect of positive and negative news (Alexander, 2008). The conditional
variance equation of the GJR-GARCH model is given by:





Finally, Asteriou et al. (2015) show that the variance equation of the EGARCH
model is given by:
lnσ2t = ω + θ
t−1
σt−1
+ ϕ lnσ2t + ϑ
∣∣∣∣ t−1σt−1
∣∣∣∣ .
In this study, by making use of a similar approach to Chen et al. (2001),
conditional variance equations as specified above, are slightly modified to in-
clude trading volume (Vt) as an explanatory variable, which is a proxy for new
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Where CVt is the closing volume traded on day t. This is consistent with
Kalu and Chinwe (2014). This gives an indication of the significance of new
information when modelling volatility. The variance equations are given in the
table below. The mean equation (3.1) remains the same.
Table 3.1: GARCH models including trading volume
Model Specification









t−1 + ϑ1{t<0} + χVt
EGARCH lnσ2t = ω + θ
t−1
σt−1
+ ϕ lnσ2t + ϑ
∣∣∣ t−1σt−1 ∣∣∣+ χVt




In this chapter, the different models that are used in this dissertation will
be discussed, and the empirical results will be interpreted. This chapter is
divided into three sections. Firstly, the preliminary data analysis is performed.
Secondly, a VAR model will be used to examine the interrelationship between
market prices. Thereafter, a VECM will be used to determine what the long-
and short-run dynamics of the model are. However, before a VECM can be
used, the number of cointegrating equations needs to be determined. This
will be done by making use of the Johansen cointegration method. Finally,
volatility models, such as GARCH, GJR-GARCH and EGARCH will be used
to determine the significance of new information and volatility forecasting.
4.1 Preliminary Data Analysis
4.1.1 Equity Indices
In this section, the different stylised facts of financial time series will be for-
mally tested and discussed. When modelling financial time series, Cont (2007)
described the following stylised facts of financial time series which appear to
often occur in different markets and instruments over a period of time:
1. Excess volatility, where volatility seems to fluctuate over time.
2. Fatter tails or leptokurtosis shown by the return series.
3. The return series shows no signs of autocorrelation.
4. Autocorrelation is present in the squared return series.
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5. Volatility clustering, where big movements in the return series will be
followed by big movements and small movements in the return series will
be followed by small movements. (Brooks, 2014).
6. The conditional expectation of returns tends to be close to zero.
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Source: Thomson Reuters Datastream and Eviews
As shown by the line graphs, in figure 4.1 above, all the indices seem to
exhibit trends. It can also be seen that both the Russian and South African
indices have an upward trend.
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The log returns depicted in figure 4.2 above, show that the indices appear
to be mean reverting and that the mean is approximately equal to zero. In
addition, there appear to be signs of volatility clustering during a number of
periods. Volatility clustering is known to be a common occurrence in financial
time series data. Gujarati (2003) described volatility clustering as periods
where share prices or indices show extensive growth for a period of time which
will then be followed by periods where the growth seems to decline or stagnate.
In this study, volatility clustering will be formally tested in the sections
that follow. However, the presence of volatility clustering and the mean of
each return series being approximately equal to zero, are consistent with the
stylised facts mentioned previously.
The histograms of the different indices are plotted below.
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Log Differenced South Africa
Source: Thomson Reuters Datastream and Eviews
The histograms of the log returns of the indices in figure 4.3, show signs of
fat tails when compared to the normal distribution. The normal distributions
are indicated by the red bell curves, and it can, therefore, be seen that the log
return series display higher peaks at the means. This is indicative of fat tails,
also known as leptokurtosis. Danielsson (2011) explained that financial returns
often show signs of leptokurtosis; this is also consistent with the stylised facts
mentioned by Cont (2007).
According to Loy, Follett and Hofmann (2016), a quantile-quantile plot
also referred to as a QQ plot is another method of comparing the distribution
to the normal distribution. This is also referred to as a normal probability
plot. It shows how the data is distributed against the normal distribution.
When data is normally distributed, most of the observations should lie on a
straight line (Loy et al., 2016). For data which is non-normally distributed,
the data points will deviate from the straight line, and there will also be some
outliers in the data set (Loy et al., 2016).
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Log Differenced South Africa
Source: Thomson Reuters Datastream and Eviews
The QQ plots in the above figure show signs of non-normality as the data
points deviate from the straight line. This confirms the results obtained in
figure 4.3.
In order to summarise the statistical properties of the dataset, descriptive
statistics will be used. According to Wegner (2010), a data set of random
variables can be explained by three characteristics. The first characteristic is
measures of location, which includes the mean, median and mode. The second
characteristic is measures of dispersion, which includes the variance and stan-
dard deviation of the data set and gives more information on how the data is
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distributed around the mean. The third characteristic is the measure of skew-
ness which identifies the shape of the data around the mean and the kurtosis
which measures the peak of how the data is distributed (Wegner, 2010). The
descriptive statistics for the data sets are summarised in the following table:
Table 4.1: Descriptive statistics (log returns)
Canada Australia Russia SA
Mean 0,0001 0,0001 0,0010 0,0003
Median 0,0006 0,0003 0 0,0002
Maximum 0,0290 0,0268 0,1124 0,0416
Minimum -0,0317 -0,0418 -0,1227 -0,0362
Std. Dev. 0,0076 0,0088 0,0197 0,0097
Skewness -0,3897 -0,3066 -0,1995 -0,2931
Kurtosis 4,8640 4,3025 6,7740 4,4094
Jarque-Bera 155,2925 78,8430 547,8845 88,6378
Probability 0 0 0 0
Sum 0,1335 0,0660 0,8839 0,2730
Sum Sq. Dev. 0,0525 0,0703 0,3557 0,0849
Observations 913 913 913 913
Source: Thomson Reuters Datastream and Eviews
From the descriptive statistics, table 1 above, it can be observed that the
means for the return series are all close to zero and the standard deviations of
the return series are also close to zero. Small standard deviations indicate that
data points are clustered close to the mean. The return series are negatively
skewed, which show that the data values are clustered to the right of the
mean (Kim, 2013). The kurtosis values of the data series are all above three,
indicating that the return series are leptokurtic and hence have high peaks
at the mean. This confirms the results obtained from the graphical analysis.
Finally, the Jarque-Bera test statistics show that the return series are not
normally distributed, which confirms previous expectations.
Danielsson (2011) explained that return series do not show signs of auto-
correlation. Gujarati (2003) defined autocorrelation as correlation which exists
between a time series and previous lags of itself. According to Brooks (2014),
autocorrelation represents the extent to which a given time series is similar to
the lagged version of that time series. A positively correlated time series is
said to be anticipated and probabilistic, because future prices are subject to
present, as well as, historical prices (Brooks, 2014).
The autocorrelation functions of the returns series are plotted in the figure
below:
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Figure 4.5: Autocorrelation functions of log returns
























































Source: Thomson Reuters Datastream and R
There does not seem to be any significant signs of autocorrelation. There-
fore, the data looks stationary. However visual methods can be subjective
and, therefore, formal tests, such as the Augmented Dickey-Fuller (ADF) and
Phillips-Peron (PP) unit root tests are performed.
The ADF and PP tests are used to determine whether a unit root is present
in the logged index, as the order of integration is important when a regres-
sion analysis is performed (Lu¨tkepohl and Kra¨tzig, 2004). According to Tsay
(2005), stationarity is the basis of time series data. Most time series data is
assumed to be stationary. A stationary process can be defined as a process
where the mean, variance and autocorrelation properties do not vary over time
(Asteriou et al., 2005).
The results are reported in the tables below:
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Table 4.2: Augmented Dickey-Fuller test
Can Aus Rus SA
Intercept (level) -1,7462 -2,6853 0,3427 -2,0923
Trend and intercept (level) -1,7502 -2,7009 -1,7819 -2,8916
Intercept (1st dif) -27,9001* -30,3513* -30,4792* -30,6669*
Trend and intercept (1st dif) -27,8872* -30,3364* -30,5232* -30,6616*
* Indicates significance at a 1% level
Source: Thomson Reuters Datastream and Eviews
Table 4.3: Phillips-Perron test
Can Aus Rus SA
Intercept (level) -1,8400 -2,6336 0,7229 -1,9861
Trend and intercept (level) -1,8536 -2,6493 -1,5069 -2,7246
Intercept (1st dif) -27,8547* -30,3735* -30,7098* -30,9091*
Trend and intercept (1st dif) -27,8413* -30,3581* -30,8535* -30,9117*
* Indicates significance at a 1% level
Source: Thomson Reuters Datastream and Eviews
The results obtained for the ADF and PP tests above, table 4.2 and table
4.3 respectively, show that when an intercept is included, all the variables are
non-stationary at level. However, when the variables are differenced once, they
are stationary at a one percent level of significance.
4.1.2 Trading Volume
In the figure below the trading volume for each country is represented:
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Figure 4.6: Line graphs of trading volume
Source: Thomson Reuters Datastream and Eviews
Figure 4.6 shows that the trading volume for each country appears to revert to
a long-term mean. The volatilities of the volume series appear to show signs
of clustering.The histograms of trading volume for each country are specified
and are illustrated in the figure below:
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Source: Thomson Reuters Datastream and Eviews
Trading volume series of the CARS countries have fat tails when compared
with their normal distributions. This indicates that trading volume is highly
peaked around the means and not normally distributed.
Next, the autocorrelation functions of trading volume for each country is
shown in the figure below:
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Figure 4.8: Autocorrelation functions of trading volume




































































Source: Thomson Reuters Datastream and R
It does not appear that significant signs of autocorrelation are present. How-
ever, as mentioned previously, visual techniques are subjective and formal
tests, such as the ADF and PP tests, will be performed to determine whether
trading volume is stationary.
In the tables below, ADF and PP tests were used to determine whether
trading volume is stationary and whether there is unit root present.
Table 4.4: Augmented Dickey-Fuller test (trading volume)
Can Aus Rus SA
Intercept (level) -18,6181* -8,1146* -11,6345* -19,0265*
Trend and intercept (level) -20,1158* -8,2086* -20,1576* -19,8832*
* Indicates significance at a 1% level
Source: Thomson Reuters Datastream and Eviews
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Table 4.5: Phillips-Perron test (trading volume)
Can Aus Rus SA
Intercept (level) -24,0316* -20,9750* -22,1451* -21,1375*
Trend and intercept (level) -24,0257* -20,9764* -21,7608* -21,2047*
* Indicates significance at a 1% level
Source: Thomson Reuters Datastream and Eviews
The results above indicate that trading volume of all countries is stationary
at the one per cent level of significance when both the ADF and PP test are
considered.
In the following section, a VAR model will be used to examine the in-
terrelationship between market prices. Thereafter, a VECM will be used to
determine the long- and short-run dynamics of the model.
4.2 Vector Autoregressive Model
Firstly, a VAR model without trading volume will be constructed, and the op-
timal lag length will be determined. In this study, the Hannan-Quinn method
was used to choose the optimal lag length, which will be used in the VAR
model. In table 4.6 below, the optimal lag length for each country is given.
Table 4.6: Optimal lag length





Source: Thomson Reuters Datastream and Eviews
Next, a stability test will be done to determine whether the VAR is stable
when the above-mentioned lags are included. This will be done by looking at
the AR roots of the VAR for each country and is illustrated below.
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The results obtained from the stability tests show that all the roots of all the
countries lie within the unit circle. This suggests that each VAR model is
stable when estimated using the optimal lag length for each country.
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The number of cointegrating equations is determined by making use of the
Johansen cointegration method. According to Asteriou and Hall (2015), when
testing for cointegration, if g variables are included in the model, the maximum
number of cointegrating equations is g−1. The trace test and maximum eigen-
value statistics indicate that the maximum number of cointegrating equations
should be included in the VECM; therefore, three cointegrating equations are
included for each country. The results of the test statistics can be seen in the
table below.
Table 4.7: Cointegration rank test




South Africa 2,7913 2,7913
Source: Thomson Reuters Datastream and Eviews
The results of the VECM models of each country are illustrated below.
Table 4.8: Canada long run equations
Dependent variable Coefficients
Closet 0, 0054 + 0, 9994Opent
Hight 0, 0668 + 0, 9935Opent
Lowt −0, 0537 + 1, 0051Opent
Source: Thomson Reuters Datastream and Eviews
Table 4.9: Australia long run equations
Dependent variable Coefficients
Closet 0, 0004 + 0, 9999Opent
Hight 0, 1217 + 0, 9864Opent
Lowt −0, 1369 + 1, 0153Opent
Source: Thomson Reuters Datastream and Eviews
Table 4.10: Russia long run equations
Dependent variable Coefficients
Closet −0, 0113 + 1, 0028Opent
Hight 0, 0272 + 0, 9973Opent
Lowt −0, 0289 + 1, 0032Opent
Source: Thomson Reuters Datastream and Eviews
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Table 4.11: SA long run equations
Dependent variable Coefficients
Closet -0,0068 + 1,0006 Open
Hight 0,0203 + 0,9986 Open
Lowt -0,0401 + 1,0032 Open
Source: Thomson Reuters Datastream and Eviews
The results presented in tables 4.8 to 4.11 above, are in line with those
obtained by Sreedharan (2004) and Oberholzer and Venter (2015a). The co-
efficient of the opening price is positive and close to one in each case which is
consistent with futures spot parity. Futures spot parity implies that the ratio
of the futures price to the current spot price gives an estimate of the expecta-
tion of the risk-free rate, which applies to the futures period (Los, 2000). The
time period between the closing price and opening price (one trading day) is
short, and, therefore, the coefficients are close to one.
According to Gujarati (2003), the relationship between variables can be
expressed as an error correction mechanism if the variables are cointegrated.
The error correction mechanisms and their significance are illustrated below.
Table 4.12: Canada error correction coefficients
Equation Close High Low Open
Cointegrating equation 1 -0,1585 1,0875* 1,1766* 1,1156*
Cointegrating equation 2 0,2329 -0,6634* -0,1601 0,0552
Cointegrating equation 3 -0,1766 -0,4876* -0,7853* -0,1522*
Adjusted R2 0,0097 0,3843 0,3094 0,8664
* Denotes statistical significance at a 5% level
Source: Thomson Reuters Datastream and Eviews
Table 4.13: Australia error correction coefficients
Equation Close High Low Open
Cointegrating equation 1 -0,0344 1,1501* 0,9551* 1,1065*
Cointegrating equation 2 0,1761 -0,7907* -0,2179* 0,0091
Cointegrating equation 3 0,0026 -0,2079* -0,7438* 0,0125
Adjusted R2 -0,0039 0,4442 0,3623 0,9970
* Denotes statistical significance at a 5% level
Source: Thomson Reuters Datastream and Eviews
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Table 4.14: Russia error correction coefficients
Equation Close High Low Open
Cointegrating equation 1 0,0762 1,0058* 0,9489* 0,7974*
Cointegrating equation 2 0,0601 -0,6491* -0,0722 0,1080*
Cointegrating equation 3 -0,1116 -0,2963* -0,7175* 0,0433
Adjusted R2 0,0096 0,3414 0,3826 0,7964
* Denotes statistical significance at a 5% level
Source: Thomson Reuters Datastream and Eviews
Table 4.15: SA error correction coefficients
Equation Close High Low Open
Cointegrating equation 1 -0,0723 0,9388* 0,9032* 0,8491*
Cointegrating equation 2 0,2740 -0,5685* -0,0569 0,1992
Cointegrating equation 3 -0,1587 -0,3037* -0,7536* 0,1167
Adjusted R2 0,0097 0,3281 0,2842 0,6743
* Denotes statistical significance at a 5% level
Source: Thomson Reuters Datastream and Eviews
When looking at the above results of the VECMs, given in tables 4.12 to
4.15, if the coefficients are positive and significant, it indicates that the vari-
able is non-responsive and will take a long time to move back to equilibrium
(Koop, 2006). However, if the coefficients are significant and the correct sign
(negative), it indicates that when there is a deviation from the long-run equi-
librium, the variable will move back to equilibrium. When the coefficient is
closer to -1 than to 0, it means that the variable will move back to equilibrium
rapidly. If cointegrating equation one for SA is considered, it can be seen that
the high, low and opening prices are all significant but of the incorrect sign.
Therefore, they are non-responsive and will take a long time to move back to
equilibrium. However, if cointegrating equation three for SA is considered, it
is clear that both the high and low prices are significant and of the correct sign
(negative), which means they will move back to equilibrium. Furthermore, the
high price is closer to zero, which means it will move to equilibrium at a slower
pace than the low price, as the low price is closer to -1 and will move back to
equilibrium rapidly when there is a deviation from the long-run equilibrium.
An impulse response function shows what will happen to a variable if a
shock is introduced in the model (Mitchell, 2000). In other words, if one
variable increases rapidly (by one standard deviation), the impulse response
function illustrates how the variables in the model react to the increase. The
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impulse response functions for the intraday prices (highest, lowest, open and
closing) of each country are illustrated below.
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Figures 4.13 to 4.16 above, show how each variable responds to a shock
in any of the other variables (intra-day prices). In most cases, the variables
respond by first increasing then decreasing slowly to reach a new equilibrium.
However, in some cases, a shock does not lead to a significant impact. One
such case is the response of the logged intra-day low price of Australia to a
shock in the intra-day opening price of Australia. It is evident that the shock
in the intra-day opening price of Australia does not have a significant impact
on the intra-day low price.
When looking at the response of the logged high price of SA, it is evident
that a one standard deviation shock to the closing price causes the logged high
price to rapidly increase and reach a peak and then slowly decrease afterwards
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to reach a new equilibrium.
When trading volume is included as an exogenous variable in the model,
similar results are obtained for the optimal lag length, cointegration tests and
error correction coefficients. The trading volume coefficients and the adjusted
R2 values are reported below.
Table 4.16: Canada error correction (including trading volume)
Equation Close High Low Open
Volume -0,0020* 0,0013* -0,0038* -0,0006
Adjusted R2 0,0147 0,3866 0,3295 0,8668
* Denotes statistical significance at a 5% level
Source: Thomson Reuters Datastream and Eviews
Table 4.17: Australia error correction (including trading volume)
Equation Close High Low Open
Volume -0,0012 0,0021* -0,0037* 0
Adjusted R2 -0,0022 0,4539 0,3771 0,9970
* Denotes statistical significance at a 5% level
Source: Thomson Reuters Datastream and Eviews
Table 4.18: Russia error correction (including trading volume)
Equation Close High Low Open
Volume 0,0007 0,0031* -0,0037* -0,0010*
Adjusted R2 0,0086 0,3616 0,4006 0,7975
* Denotes statistical significance at a 5% level
Source: Thomson Reuters Datastream and Eviews
Table 4.19: SA error correction (including trading volume)
Equation Close High Low Open
Volume -0,0024* 0,0002 -0,0032* -0,0005
Adjusted R2 0,0097 0,3281 0,2842 0,6743
* Denotes statistical significance at a 5% level
Source: Thomson Reuters Datastream and Eviews
When looking at the adjusted R2 values above, it can be seen that the
explanatory power of the model does improve slightly. This is the case for both
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developed and emerging markets. This implies that when investors consider
the interrelationship between market prices of equity indices, including trading
volume (new information) as an exogenous variable improves the explanatory
power of the model, regardless of whether it is a developed or emerging market.
The informational efficiency of volatility modelling is considered in the next
section.
4.3 Volatility modelling
In this section, by making use of an approach similar to Chen et al. (2001)
and Kalu and Chinwe (2014), different univariate GARCH models are applied
to the CARS countries to determine the best fitting model based on different
information criteria. In addition, the forecasting performance of the models is
compared to models which include trading volume. This is based on the work
by Chen et al. (2001).
4.3.1 GARCH Parameters
Asteriou and Hall (2015) explained that in order to fit univariate GARCH pa-
rameters, it is necessary to determine whether ARCH effects (volatility clus-
tering) are present. The ARCH Lagrange Multiplier (LM) test is reported
below.






*(**) [***]: Statistically significant at a 10(5)[1] % level
Source: Thomson Reuters Datastream and Eviews
The ARCH LM test indicates that ARCH effects are present for all the
variables considered, except Russia. Therefore, Russia is excluded from the
analysis that follows. The GARCH parameters are reported in the table 4.21
below.
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Table 4.21: GARCH(1,1) parameters
Canada Australia South Africa
µ 0,0003 0,0001 0,0006*
ω 2,35E-06*** 1,41E-06*** 2,80E-06***
θ 0,1354*** 0,0581*** 0,0855***
ϕ 0,8258*** 0,9233*** 0,8883***
AIC -7,0894 -6,6877 -6,4913
SIC -7,0677 -6,6660 -6,4671
*(**) [***]: Statistically significant at a 10(5)[1] % level
Source: Thomson Reuters Datastream and Eviews
According to Alexander (2008), if the θ parameter in the GARCH(1,1)
model is relatively large (i.e greater than 0.1), then it implies that the market
is sensitive to market shocks. This is the case for Canada. Furthermore, the
coefficient of the lagged volatility (ϕ) is a measure of volatility persistence
(Alexander, 2008). This suggests that shocks to the Australian market will
take a long time to die out. The GJR-GARCH parameters are reported in
table 4.22 below.
Table 4.22: GJR-GARCH(1,1) parameters
Canada Australia South Africa
µ 0.0001 0 0.0001
ω 1.21E-06*** 1.42E-06*** 3.61E-06***
θ -0.0399*** -0.0124 -0.0117
ϕ 0.9215*** 0.9381*** 0.8771***
ϑ 0.1777*** 0.1075*** 0.1958***
AIC -7,0894 -6,6877 -6,4913
SIC -7,0677 -6,6660 -6,4671
*(**) [***]: Statistically significant at a 10(5)[1] % level
Source: Thomson Reuters Datastream and Eviews
As explained in Chapter Two, the GJR-GARCH model modifies the sym-
metric GARCH model by including an indicator function (dummy variable) to
capture the effect of bad news. According to Asteriou and Hall (2015), if the
coefficient of the dummy variable (ϑ) is positive, it implies that bad news will
lead to a greater rise in volatility when compared to good news; this is also
known as the leverage effect. The ϑ coefficient is positive and statistically sig-
nificant at a one per cent level for all the countries considered. The EGARCH
parameters are illustrated in table 4.23 below.
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Table 4.23: EGARCH(1,1) parameters
Canada Australia South Africa
µ 0.0001 -0.0001 -0.0005***
ω -0.1995 -0.1643 -0.1157
θ 0.0081 0.0456*** -0.0319***
ϕ 0.9807*** 0.9866*** 0.9839***
ϑ -0.1420*** -0.1107*** -0.1261***
AIC -7.1609 -6.7468 -6.5680
SIC -7.1337 -6.7198 -6.5378
*(**) [***]: Statistically significant at a 10(5)[1] % level
Source: Thomson Reuters Datastream and Eviews
Alexander (2008) explained that the EGARCH model was introduced to
address the non-negativity constraints imposed on univariate GARCH models.
Therefore, the natural logarithm of the conditional variance is the dependent
variable, which ensures that the conditional variance is always positive. Fur-
thermore, according to Brooks (2014), if ϑ in the EGARCH model is negative,
and statistically significant, it indicates signs of the leverage effect. This is the
case for the three markets considered (at a one per cent level of significance).
According to Brooks (2014), information criteria can be used to determine
the best fitting model. The best fitting model is the one which minimises
the information criteria. In this case, the AIC and SIC indicate that the
EGARCH model is the best fit. Tables 4.24 to 4.26 illustrate the univariate
GARCH parameters when trading volume is included as a variance regressor.
Table 4.24: GARCH(1,1) parameters (including trading volume)
Canada Australia South Africa
µ 0.0005** 0.0007*** 0.0007**
ω 9.34E-06 6.82E-06 3.18E-06
θ 0.2445*** 0.2038*** 0.0829***
ϕ 0.5999*** 0.7173*** 0.8836***
χ 2.61E-05*** 6.69E-058** 4.73E-05***
AIC -7.1175 -6.7449 -6.5242
SIC -7.0903 -6.7179 -6.4940
*(**) [***]: Statistically significant at a 10(5)[1] % level
Source: Thomson Reuters Datastream and Eviews
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Table 4.25: GJR-GARCH(1,1) parameters (including trading volume)
Canada Australia South Africa
µ 0.0004* 0 0.0002
ω 1.55E-06*** 1.33E-06*** 3.55E-06***
θ -0.0297*** 0.0157 0.0054
ϕ 0.9064*** 0.9234*** 0.8716***
ϑ 0.1552*** 0.0797*** 0.1671***
χ 1.99E-05 4.61E-05 4.78E-05
AIC -7.1820 -6.7539 -6.5597
SIC -7.1494 -6.7214 -6.5234
*(**) [***]: Statistically significant at a 10(5)[1] % level
Source: Thomson Reuters Datastream and Eviews
Table 4.26: EGARCH(1,1) parameters (including trading volume)
Canada Australia South Africa
µ 0 0.0003*** 0
ω -0.1356 0.1003 -0.1213
θ -0.0354*** 0.9922*** 0.0037
ϕ 0.9838*** 0 0.9873***
ϑ -0.1126*** 1.5689*** -0.1304***
χ 1.5757*** -0.0006*** 0.6773***
AIC -7.2570 -6.7594 -6.5882
SIC -7.2244 0 -6.5519
*(**) [***]: Statistically significant at a 10(5)[1] % level
Source: Thomson Reuters Datastream and Eviews
The estimated parameters show that there is a statistically significant (at a
one per cent level) positive relationship between the conditional volatility and
trading volume, which is consistent with the findings by Kalu and Chenwe
(2014) and Chen et al. (2001). Furthermore, when the information criteria of
the models which include trading volume are considered, the EGARCH model
is the best fit. Finally, when the AIC and SIC of all the models (including
and excluding trading volume) are compared, the AIC and SIC show that the
EGARCH model which includes trading volume is the best fit.
4.3.2 Forecasting performance
The forecasting performance metrics are reported in tables 4.27 and 4.28 below.
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Table 4.27: GARCH forecasting performance
GARCH GJR-GARCH EGARCH
RMSE MAE RMSE MAE RMSE MAE
Can 0.007730 0.005644* 0.007730 0.005670 0.007725* 0.005660
Aus 0.008916* 0.006738* 0.008920 0.006750 0.008920 0.006750
SA 0.009836* 0.007294* 0.009840 0.007310 0.009870 0.007370
Source: Thomson Reuters Datastream and Eviews
Table 4.28: GARCH forecasting performance (including trading volume)
GARCH GJR-GARCH EGARCH
RMSE MAE RMSE MAE RMSE MAE
Can 0.007730 0.005640 0.007730 0.005640 0.007725* 0.005649*
Aus 0.008940 0.006730 0.008916* 0.006740 0.008920 0.006733*
SA 0.009840 0.007293* 0.009835* 0.007310 0.009840 0.007310
Source: Thomson Reuters Datastream and Eviews
The forecast performance metrics show that the symmetric GARCH model
is the most reliable when trading volume is not included as a variance re-
gressor. Moreover, when trading volume is included as a variance regressor,
the asymmetric models (GJR-GARCH and EGARCH models) outperform the
symmetric GARCH model in most cases. Finally, when the RMSE and MAE
of the models which include trading volume are compared to the standard
GARCH models, the models which include trading volume are more reliable.
This suggests that new information (trading volume) does improve forward-
looking estimates of volatility. There is not a significant difference in terms
of the effect of new information in volatility modelling when developed and
emerging markets are considered. This implies that when forecasting volatil-
ity using univariate GARCH models, investors should include trading volume
(new information) as a variance regressor, this improves the forecasting perfor-





In this dissertation, the effect and significance of new information on different
markets (developed versus emerging) was determined and interpreted. Firstly,
it was examined how the different markets react if shocks occur; secondly, it was
determined how big the difference was between the emerging and developed
markets; and lastly, it was considered how long it would take the different
markets to absorb the shocks. Therefore, if a shock was introduced as new
information, how did the market react? The markets would eventually reach
a new equilibrium, but how long would it take to reach the new equilibrium
in the different markets? However, this does not give an indication of the
informational efficiency of volatility.
The effect of new information on volatility was also tested in a GARCH
framework. A similar approach to Chen et al. (2001) was used in this dis-
sertation. GARCH models which included trading volume as an explanatory
variable, which is a proxy of information flow, were used to forecast volatility.
This gave an indication of whether trading volume (flow of information) is
significant when forecasting volatility.
A similar approach to Sreedharan (2004) and Oberholzer and Venter (2015a),
which looked at different market prices (high, low, open and close) of differ-
ent equity exchanges, was used in a VAR framework to illustrate how markets
would react to shocks in market prices. This then illustrated how efficiently the
market captures new information. However, new information was not included
in the studies by Oberholzer and Venter (2015a) and Sreedharan (2004). In
this study, a vector autoregressive model (VAR), a VECM and impulse re-
sponses were used to examine how markets react to shocks in different market
prices, and whether the prices move rapidly to equilibrium or take a longer
time to reach a new equilibrium. Trading volume was used as a proxy for new
information; which is consistent with the work by Chen et al. (2001).
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A similar approach to Chen et al. (2001) was also applied in this dis-
sertation to determine the significance of new information when modelling
and forecasting volatility. Chen et al. (2001) also made use of GARCH and
EGARCH models to determine what effect trading volume will have on volatil-
ity. The EGARCH(1,1) model was used to determine asset return volatility.
The results showed that the representation of the returns in the data of the
share indices is reflected properly. In addition, trading volume also gave some
information about the share indices of the returns processes and that after
including simultaneous and lagged volume effects (which were used as proxies
for the flow of information), the persistence in volatility was still present.
However, in this dissertation, the work by Chen et al. (2001) was extended
by making use of GARCH, EGARCH and GJR-GARCH models. These models
were applied to determine whether the forecasting ability of the model would
improve when trading volume was included. The volatility modelling section
in this dissertation was based on similar studies by Chen et al. (2001), and
Kalu and Chinwe (2014). The AIC and SIC of the GARCH, GJR-GARCH
and EGARCH models were compared to determine the best fitting univari-
ate GARCH family model in this dissertation. The information criterion was
also used to compare models which included trading volume to the standard
GARCH model specification. Finally, forecast performance metrics of the dif-
ferent models were used to determine the most reliable forecasting model.
Four of the CARBS (Canada, Australia, Russia, Brazil and South Africa)
countries were used in this dissertation, namely: Canada, Australia, Russia
and South Africa. The reason for using this group of countries was because it
represented both developed and emerging markets. The CARBS countries are
known as the main exporting countries of commodities, which lead the global
commodity market. Only four of the five CARBS countries were used to
determine what effect new information and shocks would have on the different
markets (emerging and developed) and whether the impact of new information
was significant when explaining the variation in different market prices. This
was formally tested in Chapter Four in the study by using a VECM.
In Chapter Four, the preliminary data analysis for equity indices as well
as trading volume was discussed. The different models that were used in this
dissertation were also discussed, and the empirical results were interpreted. A
VAR model was estimated first which examined the interrelationship between
market prices. Secondly, a VECM was used to determine what the long- and
short-run dynamics were of the model. Before a VECM could be used, the
number of cointegrating equations needed to be determined first; this was be
done by making use of the Johansen cointegration method. Volatility models,
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such as GARCH, GJR-GARCH and EGARCH were also used to determine
the significance of new information.
A VAR model without trading volume was constructed first, and the op-
timal lag length was determined. In this study, the Hannan-Quinn method
was used to choose the optimal lag length, which will be used in the VAR
model. The optimal lag length for Canada and South Africa was two lags
while for Australia and Russia the optimal lag length was one lag. Next, a
stability test was done to determine whether the VAR model was stable when
the above-mentioned lags were included. This was done by looking at the AR
roots of the VAR for each country. The results obtained from the stability
tests showed that all the roots of all the countries lied within the unit circle.
This suggested that each VAR model was stable, when estimated using the
optimal lag length.
The number of cointegrating equations was determined by using the Jo-
hansen cointegration method. The trace test and maximum eigenvalue statis-
tics indicated the maximum number of cointegrating equations that had to be
included in the VECM; therefore, three cointegrating equations were included
for each country. The results obtained were in line with the results obtained
by Sreedharan (2004) and Oberholzer and Venter (2015a). The coefficient of
the opening price was positive and close to one in each case, which is consis-
tent with futures spot parity. The time period between the closing price and
opening price (one trading day) was short; therefore, the coefficients were close
to one.
Cointegrating equation one for SA was considered and was clear that the
highest, lowest and opening prices were all significant but of the incorrect sign,
therefore, they were non-responsive and will take a long time to move back to
equilibrium. However, when cointegrating equation three for SA was consid-
ered, it was evident that both the highest and lowest prices were significant
and of the correct sign (negative). This indicated that it will move back to
equilibrium. Furthermore, the highest price was closer to zero, which meant
that it will move to equilibrium at a slower pace than the lowest price. The
lowest price was closer to -1 and would move back to equilibrium rapidly when
there was a deviation from the long run equilibrium.
When the impulse response functions for each country were considered it
could be seen that in most cases, the variables responded by first increasing
then decreasing slowly to reach a new equilibrium. However, in some cases,
a shock did not lead to a significant impact. One such case was the response
of the logged intra-day lowest price of Australia to a shock in the intra-day
opening price of Australia. It was clear that the shock in the intra-day opening
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price of Australia did not have a significant impact on the intra-day low price.
However, when the response of the logged high price of SA was considered, it
was evident that a one standard deviation shock to the closing price caused
the logged high price to rapidly increase and reach a peak and then slowly
decrease to reach a new equilibrium.
When trading volume was included as an exogenous variable in the model,
similar results were obtained for the optimal lag length, cointegration tests and
error correction coefficients. When the adjusted R2 values were considered, it
was evident that the explanatory power of the model did improve slightly.
In the next section of Chapter Four, a similar approach to Chen et al.
(2001) and Kalu and Chinwe (2014) was used. Different univariate GARCH
models were applied to the CARS countries to determine the best fitting model
based on different information criteria. In addition, the forecasting perfor-
mance of the models was compared to models which include trading volume.
The ARCH LM test indicated that ARCH effects were present for all the
variables considered, except Russia. Therefore, Russia was excluded from the
analysis that followed. According to Alexander (2008), if the θ parameter in
the GARCH(1,1) model is relatively large (i.e greater than 0.1), then it implies
that the market is sensitive to market shocks. This was the case for Canada.
Furthermore, the coefficient of the lagged volatility ϕ is a measure of volatility
persistence (Alexander, 2008). This suggested that shocks to the Australian
market would take a long time to die out.
According to Asteriou and Hall (2015), if the coefficient of the dummy
variable (λ) is positive, it implies that bad news will lead to a greater rise in
volatility when compared to good news; this is also known as the leverage effect.
The ϑ coefficient was positive and statistically significant at a one per cent level
for all the countries when a GJR-GARCH model was considered. According
to Brooks (2014), if ϑ in the EGARCH model is negative, and statistically
significant, it, therefore, indicated signs of the leverage effect. This was the
case for the three markets considered (at a one per cent level of significance).
According to Brooks (2014), information criteria can be used to determine
the best fitting model. The best fitting model is the one which minimises
the information criteria. In this case, the AIC and SIC indicated that the
EGARCH model was the best fit.
When trading volume was included as a variance regressor, the estimated
parameters showed that there was a statistically significant (at a one per cent
level) positive relationship between the conditional volatility and trading vol-
62
ume. This was consistent with the findings by Kalu and Chenwe (2014) and
Chen et al. (2001). Furthermore, when the information criteria of the mod-
els which included trading volume were considered, the EGARCH model was
the best fit. Finally, when the AIC and SIC of all the models (including and
excluding trading volume) were compared, the AIC and SIC showed that the
EGARCH model which included trading volume was the best fit.
The forecast performance metrics showed that the symmetric GARCH
model was the most reliable when trading volume was not included as a vari-
ance regressor. Moreover, when trading volume was included as a variance
regressor, the asymmetric models (GJR-GARCH and EGARCH models) out-
performed the symmetric GARCH model in most cases. Finally, when the
RMSE and MAE of the models which included trading volume were compared
to the standard GARCH models, the models which included trading volume
were more reliable. This indicated that new information (trading volume) does
improve forward-looking estimates of volatility.
A shortcoming of this study was that only four countries were used to com-
pare developed and emerging markets. However, the focus was on commodity
exporting countries. Therefore, an area for future research might involve a
similar analysis based on greater variety equity indices. Furthermore, the
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